Abstract-Present work deals with the analysis of aggregated solar photovoltaic plants output (ASPV_op in kWh) (South Africa) for the year 2015. The box plot of monthly ASPV_op has shown lower values in winter and higher values in spring and summer. The histograms have also been plotted to understand the variation of ASPV_op in different seasons. The histograms of ASPV_op have confirmed that it is not normally distributed. Monthly variation of ASPV_op was similar to monthly surface incident shortwave flux (SISW in Wm -2 ). Morlet wavelet has been used for the investigation ASPV_op. The wavelet power spectrum shows significant (at 5 % level) power concentration between 2-16 days. Wavelet analyses of ASPV_op suggested that days of mid-summer to early autumn have significant power concentrated from 8 to 16 days band. In other seasons power is concentrated almost less than 8 days. Almost all days of spring have shown significant power concentration (< 8days).
I. INTRODUCTION
Eskom fulfils approximately 90% of South Africa's electricity demand and rest is fulfilled by the independent power producers (IPPs) and municipalities [1] . Even after this energy crisis is evident in this country. Eskom is facing challenges to meet the energy demand of this country [2] . People are facing several problems because of the load shedding. South African government have shown concern about the issue of the energy crisis and introduced many plans and policies to deal with this problem (Integrated Energy Plan, Renewable Energy Independent Power Producer Procurement Programme, Integrated Resource Plan and Independent System and Market Operator). South Africa is among the top three countries in the world with 2500 hours of the sunshine per year and direct solar radiation ranged between 4.5 and 6.5 kWhm -2 per day [3] . Use of solar energy has now become the epitome of sustainable development. Solar energy is not only the clean energy source but is also abundant. Now it is a big challenge for us to use our scientific and technical skills to harness this free form of energy. There are two major categories of solar technology -solar photovoltaic (SPV) modules and concentrating solar power [4] .
Photovoltaic (PV) cells are made up of semiconducting materials that convert sunlight into electricity (photovoltaic Bhishma Tyagi is with National Institute of Technology, Rourkela, Odisha, India (e-mail: bhishmatyagi@gmail.com). effect). The output of PV plants depends on various weather factors like incoming solar radiation, temperature, humidity and wind speed, and environmental factors. There is a possibility to develop a model for forecasting solar photovoltaic output (SPV_op) using the output of PV plants and weather variables as mentioned above. The analysis of SPV_op data is very helpful for understanding SPV_op. The solar energy potential in South Africa is very high [5] . There are nine provinces and in many provinces, the Solar PV power plants have been installed (mainly in Northern Cape). The detailed study of the SPV_op help us to assess the efficiency of SPV plant. Through the analysis of SPV_op data we could also get to know in which season output is more and in which season it is less. This information is useful for SPV plant owners to take decision about the SPV plant.
To understand ASPV_op data we have used descriptive statistics. In the present work, we have also used wavelet transform. This is widely used in signal processing. The concept of 'wavelet' was first introduced in 1982 by Jean Morlet a French geophysicist [6] . To extract the more information from the data, the signal processing methods have been widely used in environmental studies [7] . The paper is divided into following sections: Introduction (Section I), Study region and datasets (Section II), Methodology (Section III), Results and Discussion (Section IV) and Conclusion (Section V).
II. STUDY REGION AND DATASETS
The present study has been carried for ASPV_op and monthly, respectively. More detail about this data can be found in the given website [8] .
III. METHODOLOGY
We have studied the diurnal variation of ASPV_op on annual and seasonal scales. We have divided our data in four seasons-summer (December, January and February), autumn (March, April and May), winter (June, July and August), and spring (September, October and November). The variation of ASPV_op in each month has been analysed using box plots. We were also interested to see the probability distribution of ASPV_op. Histograms and cumulative distribution function (CDF) have also been analysed on the annual and seasonal scale. We have used wavelet transform to analyse ASPV_op information in both time and frequency domain. Wavelet is a powerful tool and has many applications (Signal Processing, Data Compression, Fingerprinting verification, DNA analysis, Speech recognition and others). With the use of wavelet technique, we can be able to detect localized (spatial and temporal) variations in the time series data [9] . The main strength of wavelet analysis as mentioned above is that it can decompose time series in both time and frequency domain whereas Fourier transform fails because of the uncertainty principle.
Wavelet transform method also does not depend on the condition of stationarity of time series. Under this analysis, the signals/time series   t x are decomposed over dilated and translated functions known as "mother wavelet"  
where  is time position, a is the scale of the wavelet, '*'is the complex conjugate form.
There are different mother wavelet like -Morlet, Paul and DOG (Derivative of a Gaussian). In wavelet analysis the shape of wavelet never changes, only the size scale changes with the size of window. Present time series data is continuous so we have used Morlet wavelet function (Eq. 2)
 is the non-dimensional frequency, in present study we have taken 0  =6 to satisfy the admissibility condition. The scaled wavelet can be given as (Eq. 3)
In the present work we have used the daily data for the year 2015. The daily values have been obtained from the mean of hourly data. The scale of the wavelet is given as the fractional power of two [9] .
Where s the dilation parameter for changing scale is, n is the translation parameter to slide in time [10] . To test the significance for wavelet spectra we have used red noise ( = 0.72) as a background spectra. Other technical detail about wavelet is given in [9] .
We have also calculated the coefficient of determination (R 2 ) between monthly ASPV_op (kWh) and monthly SISW (Wm -2 ). For this, we have calculated the monthly ASPV_op (Wm -2 ) from the daily average of the hours from 6hrs to17hrs.
IV. RESULTS AND DISCUSSIONS
A. Histogram and CDF The histograms of ASPV_op have been shown in Fig. 1 . From the histogram of ASPV_op, it is clear that the power output from the PV plant on annual and four seasons is not normally distributed. It indicates ASPV_op is skewed and it could be due to the weather variability and extremes. It has raised the need to calculate empirical CDF. The empirical CDF and normal CDF for ASPV_OP are shown in Fig. 1 . The comparison of empirical CDF and normal CDF for ASPV_op indicated that normal distribution underestimated the probability of smaller and higher ASPV_op and overestimated the ASPV_op of intermittent values. In Fig. 2 , we have shown the diurnal variation of ASPV_op on annual and in different seasons (summer, autumn, winter and spring). Table I . The mean value of ASPV_op is more in spring 474583.5 kWh) than summer (466123.4 kWh). Even SD is less in spring compared to summer. (Fig. 3) . Monthly ASPV_op have shown similar seasonal changes like SISW (southern hemisphere), minimum in winter and maximum in summer (Fig. 4) .The length of the box in the month of August is bigger than all the other months. It shows more variation in PV output in this month. It might be due to variation in weather parameters. 
B. Wavelet Power Spectrum
The energy in a time series is preserved in its transform coefficients. It leads to the decomposition of the sample variance for a time series into components that can be associated with different scales. With multiresolution technique, we are able to identify local features and correlation properties in the time series [11] . Fig. 5a shows the time series of ASPV_op. The wavelet power spectrum using Morlet wavelet for a Gaussian red noise, normalized by standard deviation has been shown in Fig. 5b . The zero padding has been used in plotting wavelet power spectrum, and hence the area under the curve (marked by a solid black line) will have effects of this zero padding. This curve is known as Cone of Influence (COI). It is the region, below which we have to neglect our results because of error induced due to the edge effect [9] . The color bar indicates the coefficients of wavelet transform at particular frequency and time location, respectively.
From the Fig. 5b , it is clear that more concentration of power is between 2 to 16 day. In the upper portion of graphs, blue shades represents high frequencies. In the region of high concentration of power (2-16 day) the yellow color contours have shown the mixed behavior. Some of them are horizontally wide and some of them are vertically wide. ASPV_op in the late autumn to late winter (120-180 days) have not shown any contours. From November to mid of December we can see the significant ASPV_op (at 5 % level). During this time-frequency resolution is also higher. They are represented with the yellow contours on the upper portions of the graphs. However, the February and early March, ASPV_op is in the upper region, corresponding to a period between 8 to 16 days. In other months contours are located less than the 8-day period. The colour towards orange indicates frequencies with high energies. The scale of 2 to 16 days has not shown any significant contour from May to June. Spring and summer days have shown the higher energy of the high-frequency signal components in scale from 2-16 days. During winter, high-frequency components were missing. It might be due to special weather conditions that persist during this season. Fig. 5c shows the unbiased estimation of the true power spectrum of ASPV_op time series (global wavelet spectrum). Global wavelet spectra describe ASPV_op variability. It is useful for summarising region's temporal variability. Global wavelet spectrum is showing that dominant scales are between 2 and 8, as they are crossing the dashed line of 5 % level (Fig. 5c) . The majority of contours fall under Technologies, Vol. 5, No. 5, September 2017 this band. The variance of significant power zone (2 to 16 days) has been shown in Fig. 5d . This figure is made by the average of Fig. 5b over all scales between 2 and 16 days. It gives a measure of average day variance versus time. Here, we can see in most of the cases ASPV_op have shown the significant peaks at 5% level. Fig. 6 shows the scatter plot of ASPV_op and SISW. The correlation was very high R 2 =0.94. This result is critical as we can use this information for forecasting the SPV_op. 
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C. Correlation of ASPV_op and SISW
V. CONCLUSION
In present work, ASPV_op has been analysed using statistical and wavelet spectrum method for the year 2015 in South Africa. The mean ASPV_op for 2015, was higher in spring followed by summer. It can be concluded that in South Africa during spring months ASPV_op was higher. The probability distribution of ASPV_op is not normal which indicated ASPV_op is skewed because of the weather variability. The empirical CDF is better for explaining the variation of ASPV_op. The high correlation between ASPV_op and SISW indicates that output of PV plants is highly dependent on the incoming solar radiation. The wavelet power spectra showed a high power concentration between the 2-16-day band. The average variance in this region presents the important peaks, most of them were significant at 5% level. There is a scope of applying wavelet analysis tool for longer ASPV_op time series to get more important information. This could be useful for increasing the efficiency of SPV plants and forecasting of SPV_op.
